Exact queuing-theoretic modeling of wireless systems is tough due to the complex service processes that arise from the interaction of the wireless channel with state-of-the-art signal processing algorithms. Nevertheless, with the rise of video applications like streaming and telephony in upcoming fourth generation cellular networks, such analysis is important for devising admission control strategies. In this paper we apply recent insights into approximation approaches for queuing systems to opportunistic OFDMA systems and study different approaches for applying the modulation type to OFDM subcarriers. In particular, we provide analytical closed-form expressions for the delay distribution of three opportunistically scheduling OFDMA systems (adaptive modulation, link adaptation per terminal, link adaptation over all subcarriers). After validating these expressions, we evaluate the different system designs numerically. We find that although adaptive modulation systems have a higher complexity, their queuing performance is only slightly superior to systems with link adaptation per terminal. Furthermore, the systems feature in general an optimal number of terminals that can be supported in the cell, leveraging multi-user diversity with limited available resources. Nevertheless, these optima change from scheme to scheme.
INTRODUCTION
Queuing-theoretic means are without doubt one of the major tools for performance analysis of network protocols and * This work was funded by the German Research Foundation (DFG) under grant 'Schedulability of Cognitive OFDMA Systems'.
Permission to make digital or hard copies of all or part of this work for personal or classroom use is granted without fee provided that copies are not made or distributed for profit or commercial advantage and that copies bear this notice and the full citation on the first page. To copy otherwise, to republish, to post on servers or to redistribute to lists, requires prior specific permission and/or a fee. algorithms [8] . In such an approach, a networking system is modeled by a server with a (finite) storage space where service requests arrive randomly to the storage space and are served by the network, potentially requiring a random service time. From such a starting point one typically first studies the stability of the queue. If this can be established, more complex metrics are investigated such as average queue length, average queuing delay but also distributions of the queuing delay and length (among many other metrics). The advantage of such an analytical approach is clear: It is a perfect fit for the requirements of delay-sensitive applications where -for example -the queuing delay distribution allows immediately to judge the quality-of-service (QoS) provided by the network. Hence, the analysis is applicable in admission control but also for network dimensioning and protocol development. On the other hand, exact queuing-theoretic models can only be found for a handful of real systems. The mathematical problem to overcome here lies in the interaction between (random) arrivals and service and their probabilistic impact on the state space of the queuing system. Often, this limits precise analysis such that only average metrics can be considered exactly. This is especially true for wireless systems. As the service process of wireless systems is always the result of the interaction between the (random) wireless channel variations and complex signal processing algorithms at transmitter and receiver, to date we do not have exact queuing models for wireless systems in general. In addition, as the development of wireless systems is predominantly driven by the physical layer community, standard performance metrics are rather the (average) bit error rate or maximal throughput (ergodic capacity) of the system instead of queuing-related metrics. Nevertheless, there is a recognized need for analytical understanding of the impact of the wireless physical layer on metrics of the application layer, especially with respect to the queuing delay distribution (as it is a primary performance metric for delay-sensitive flows such as voice over IP and video streaming/telephony). This is due to the expectation that especially video telephony will become a major application within this decade.
As exact queuing analysis of wireless systems turns out to be quite difficult to achieve, one can instead apply approximation techniques. One successful technique for such an approximation consists of utilizing the Chernov bound of the steady-state queue length of the system and deriving from this starting point exponential bounds for the steady state queue length distribution. Originally, this approach was applied to bound the queue length of a fixed-rate multiplexing link to which a set of data sources with random rates (voice calls) is connected [2] . However, the same technique can be 'turned around' to bound the queue length distribution of a system given a deterministic (constant) arrival rate and a random service process. This technique has been applied to several wireless systems in a successful way (see Section 2.4 for a detailed discussion) and was originally introduced by Wu et al. in [15] . It is known under the term 'effective capacity' which refers to a rather complex expression of the random service process. Nevertheless, it is a suitable analytical approach for determining queuing performance of wireless systems and devising on top of this admission control strategies, for example. Note that any result for the queue length can be converted to statements regarding the queuing delay.
In this work, we extend this line of research to an important class of wireless multi-user systems. In particular, we focus on multi-carrier systems and consider the effective service capacity of various different design alternatives. This is mainly motivated by the need for analytical models for admission control of delay-sensitive applications such as voice and video applications in upcoming cellular networks. In such networks the central component that determines the systems performance is the resource scheduler at the base station. In upcoming OFDM-based networks like 3GPP LTE [3] this scheduler exploits instantaneous channel state information and assigns OFDM subcarriers dynamically to terminals from frame to frame [1] . Typical assignment policies are either opportunistic scheduling or variants of proportional-fair scheduling. However, the obtained subsets of subcarriers can be utilized in different ways to forward data to the terminals in the down-link. We consider in this paper an opportunistic resource scheduler and distinguish three different cases for adapting to the channel states: (1) Adaptive modulation where the modulation type can be set individually per subcarrier; (2) Link adaptation per terminal where the modulation type is set equal over all subcarriers assigned currently to the same terminal; (3) Link adaptation over all terminals where all subcarriers of the system are utilized with the same modulation type regardless of which terminal the subcarriers are assigned to.
Clearly, adaptive modulation is associated with a higher complexity in terms of transceiver complexity and signaling overhead. This is significantly lower for link adaptation systems. However, as the performance of link adaptation is mainly driven by the subcarriers with the worst channel states, there is potentially also a significant performance loss associated to them. We are especially interested in the performance difference of these systems in terms of link layer queuing metrics. Our contributions are twofold. We first provide and validate mathematical expressions for the queuing performance of the systems based on the effective service capacity framework. We then provide a numerical analysis demonstrating (surprisingly) that the performance difference between opportunistic scheduling with adaptive modulation and link adaptation per terminal is negligible whereas link adaptation over all terminals provides a significantly lower performance. This is interesting as the underlying assumptions in this study regarding the link adaptation systems are rather pessimistic.
The remaining paper is structured in the following way: First, we introduce the system model and the applied framework of the effective service capacity in Section 2. In Section 3 we derive then the queuing performance of the different system approaches. Section 4 contains the validation of our analytical work by simulations as well as a numerical evaluation. We finally conclude the paper in Section 5.
PRELIMINARIES
In the following we first present the system model and the problem statement. Section 2.3 gives a brief overview of the effective service capacity framework, while Section 2.4 summarizes related work.
System Model
We consider a multi-user communication setting where an access point coordinates all data transmissions. There are J wireless terminals in the cell. Time is divided into frames of duration T f . The system applies OFDM as transmission scheme and utilizes a bandwidth of B [Hz] which is split into N subcarriers. Each subcarrier features a symbol duration of TS (including the guard period) where S = T f /TS denotes the number of symbols per frame. For down-link data transmission the access point can apply a maximum transmit power of P dl [W] per subcarrier.
Each terminal receives a constant stream of data which is buffered at the access point upon transmission. Each flow arriving for terminal j has a rate of rj bits per frame duration T f . All data flows are subject to quality-of-service requirements given by the pair {dj, Pj} where dj stands for a maximum tolerable delay of each bit of data flow j and Pj denotes the corresponding outage probability, i.e. the probability that the delay target is not met for a given bit of the flow j. Denote the cumulative arrival process of flow j to the link layer at the access point up to frame i by Let us focus on frame i in the following. Prior to the upcoming transmission slot, the access point receives feed-back regarding all current channel states of all subcarriers to all terminals. In general, the channel state per subcarrier is a random variable. It is characterized by the instantaneous SNR γj,n = P dl · h 2 j,n /(σ 2 ) where hj,n is the instantaneous (random) channel magnitude of subcarrier n to terminal j and σ 2 models the noise power per subcarrier. We assume the channel magnitude hj,n to be Rayleigh-distributed and hence the instantaneous SNR γj,n to be exponentially distributed with meanγj,n. The channel state γj,n is furthermore assumed to be statistically independent in time and in frequency. In addition, the channel states are also spatially independent such that γj,n and γi,n are independent random variables. Finally, we assume in the following that due to slowly-varying power control at the access point the average SNRs are kept equal, i.e.γj,n is equal for all J terminals and all N subcarriers (power control can react to the effect of shadowing but not to the effect of time-and frequency-selective fading). Denote this average SNR byγ.
Depending on the channel states and the system set-up, different transmission characteristics can be exploited to convey the queued data at the access point. In particular, we consider three different system set-ups that differ in the way the subcarriers are modulated, but use the same multiple access scheme. In all three set-ups we assume terminals to be served in an OFDMA fashion. More precisely, for each frame subcarriers are assigned opportunistically and are thus assigned to the terminal which has the best SNR for the corresponding subcarrier. To accomplish this the access point is assumed to have the required channel state information to perform such assignments. However, given the subcarrier assignments the three considered systems apply the modulation types differently:
• OFDMA with Adaptive Modulation: In the first system set-up we assume that per subcarrier the modulation type can be varied individually. Hence, if subcarrier n is assigned to terminal j and has a current SNR of γj,n then S · log 2 (1 + γj,n) bits can be conveyed over this subcarrier for the upcoming time slot. The total service sj received during the slot is then simply the sum of the service over all assigned subcarriers. Obviously, this scheme is complex to realize but will also lead to a fine-grained channel adaptation.
• OFDMA with Link Adaptation: For the second system set-up we assume that over all subcarriers only one modulation type can be applied (regardless of the assignment of the subcarriers to terminals). In such a link adaptation system an important question relates to the selection of the modulation type for all subcarriers (as the different subcarriers have a strongly varying SNR). Here the notion of the effective SNR has been established (especially in the context of LTE systems). Given N subcarriers with varying SNRs the effective SNR is in the range between γmin ≤ γ eff ≤ γmin + β · log (N ) where β is a constant [12] and γmin is the lowest SNR among the different SNRs of all subcarriers. Due to this, we choose a performance model where the rate depends on the lowest SNR among all subcarriers. Hence, the rate that can be achieved over N subcarriers is given by N · S · log 2 (1 + γmin), even if the other subcarriers are in a much better SNR state than γmin.
• OFDMA with Link Adaptation per Terminal : In the last system set-up for the modulation we also follow the link adaptation approach. However, the link adaptation is applied per terminal. Therefore, subcarriers assigned to different terminals might be utilized with a different modulation scheme while all subcarriers assigned to one terminal are set to the same modulation type. Accordingly, the modulation per subcarrier assignment set is chosen depending on the subcarrier with the lowest SNR among all assigned subcarrier for each specific terminal. In general, this system approach represents the LTE base design [3] and can be seen as a compromise between employing adaptive modulation per subcarrier on the one hand and employing link adaptation over all subcarriers (regardless of the terminal assignments).
The first two set-ups result clearly in a different stochastic behavior of the service process, whereas the third case is a generalization of the second one.
Problem Statement
In this work we are interested in the impact of the three different system set-ups on the resulting queuing performance. The systems bring clearly a different trade-off in terms of performance and complexity. For instance, adaptive modulation requires a more complex transceiver structure. In addition, this variant requires the existence of a high-rate signaling channel to indicate the used subcarrier/modulation combinations. We are interested in the resulting performance trade-off of these various systems with their different service characteristics and implementation complexities: How big is the performance gain that stems from OFDMA channel access and adaptive modulation for different QoS requirements? How much better gets the queuing performance theoretically if adaptive modulation would be applied instead of link adaptation? The novelty of our work stems from an analytical consideration of QoS metrics by deriving the effective service capacities of the corresponding systems and the validation of these derivations. In the following, we give a brief overview of the effective service capacity framework.
Queue Performance Approximation by Effective Service Capacity Framework
The mathematical framework from which the effective service capacity is obtained allows to approximate the distribution of the steady-state queue length of a stable queuing system. It is therefore a tool for analysis of arbitrary service processes in a queuing system. The framework was originally applied to characterize the queue length for arbitrary arrival processes (source flows) which are served in a queuing system by a constant rate. In this context, the so called effective bandwidth of the arrival process needs to be derived to bound the queue length distribution [2] . In the following we give a brief introduction to the framework with respect to effective service capacity. Based on the notation introduced above, we can express the random queue length regarding terminal j at time i by:
Let us consider that the arrival and service process are stationary. Furthermore, assume that the queue is stable as the average service rate is larger than the average arrival rate. Hence, the random queue length Qj [i] at frame i converges to the steady-state random queue length Qj. We are interested in characterizing the long-term statistics Pr. {Qj} of the queue length. The framework of effective service capacity gives us the following upper bound:
where K is the probability that the queue is non-empty and θ is the so called quality-of-service exponent. Clearly, the bigger the QoS exponent θ is, the better is the bound for the backlog probability. An upper bound for θ can be found from the constraint:
where Λ (θ) is called the log-moment generating function of the increments of the cumulative service process Sj[i] defined as (assuming the increments to be stationary as well):
Finally, the ratio −Λ (−θ) /θ is referred to as effective service capacity, as the exponential decay of the queue length distribution in Equation (2) is only witnessed if the ratio −Λ (−θ) /θ is bigger than the constant arrival rate rj of the source. For approximating the queue length distribution, the tightest results are obtained from choosing the biggest θ such that Equation (3) still holds. So far we have only considered the random queue length. Corresponding to the notation above, we denote by Dj[i] the random queuing delay of the head-of-line bit during frame i for terminal j. This converges in the long-run to the random steady state queuing delay Dj of the head-of-line bit. As the arrival process has a fixed rate, the steady-state queue length statistics are related to the steady-state delay statistics of the head-of-line bit. Hence, a queue length of Qj = q is associated with a current delay of the head-of-line bit of Dj = q/rj. This yields the following approximation for the steady-state delay distribution from Equation (2):
A considerable challenge in determining the effective service capacity is the characterization of the log-moment generating function. If the increments sj[i] of the cumulative service process Sj[i] can be assumed to be i.i.d., a convenient simplification is to obtain the log-moment generating function via the law of the large numbers [14] . Denoting the increments in the following simply by sj, the effective service capacity can be obtained by:
It is therefore sufficient to determine the average and the variance of the instantaneous service process sj.
Equations (2) and (5) allow to approximate the resulting backlog and queuing delay probability given an arrival process with rate rj and a service process for which the effective service capacity can be derived. In contrast, for admission control we are more interested in the opposite: For a given QoS target (i.e. delay dj and maximum tolerable probability Pj that this delay target can not be achieved) what is the maximum sustainable arrival rate r * j for which these targets can still be met given a certain service process. For this case, we obtain from Equation (5) the following approximation for the maximum sustainable rate (upper bounding K by 1):
This approximation still depends on the QoS exponent θ. From Equation (3) we can obtain an upper limit on the QoS exponent given as θmax based on substituting the expression for the effective service capacity from Equation (7). This yields:
Using this expression for θ, we can substitute it in Equation (8) to obtain the following relationship for the maximum sustainable arrival rate r * j which has been first proposed by Soret et al. [14] :
In the following, we use this equation to determine the maximum sustainable source rate. The major difficulty that we will face is obtaining the mean and variance of the instantaneous service process depending on the different system set-ups described in the previous section.
Related Work
The notion of the effective service capacity has been introduced by Wu in [15] . This original work considered a single wireless fading channel with perfect channel state information at the transmitter and the possibility to adapt to the channel state on a per-symbol base. Difficulties in characterizing the log-moment generating function for a correlated wireless channel forced the authors to consider special cases like low-SNR-regime etc. The work was extended afterwards by numerous further contributions of Wu et al. for example considering point-to-point communication over frequency-selective fading channels [17] , multi-user communication over a single flat-fading channel [18] , as well as multi-user communications over parallel, down-link fading channels [16] . Further contributions extending the effective service capacity to other wireless system scenarios have been presented in [7] (extension to point-to-point communication via adaptive resource allocation in multi-carrier systems) or [14] (extension to point-to-point communication of variable rate sources over a single, correlated fading channel). In [13] Soret et al. extended their work to a multiuser case for uncorrelated Rayleigh-fading channels. They investigated the influence of a round robin scheduler and an opportunistic best channel scheduler. However, for both schedulers they only considered single-carrier systems. Also, no link adaptation was investigated. A somewhat related work can be found in [11] where the effective service capacity for multiple users with different scheduling strategies was considered in order to evaluate the benefits of multiuser scheduling. Here the focus was on different schedulers that also take the queue state of the different users into account. However, the author only considered single-carrier systems. Finally, in [6] the author presents a model for considering losses from overestimating the channel state in face of imperfect channel state information. Based on this model, the effective service capacity is derived and the impact of different scheduling strategies is studied. Again, the analysis only applies to a single-carrier system where a single user is served.
In the context of multi-carrier systems, only a few works have been dealing with the resulting impact of resource allocation on queuing metrics. In [10] the authors study the impact of dynamic subcarrier scheduling on link performance. However, they do not have an analytical model for the service process resulting from dynamic scheduling. Instead, they utilize results from simulations. A corresponding analytical model for the service process in OFDMA systems with dynamic resource allocation is introduced in [5] and applied to study the marginal blocking probability of an OFDMA cell. This work has been extended to interferencelimited systems in [9] .
ANALYSIS OF THE EFFECTIVE CAP-ACITIES
In this section we derive the corresponding mean and second moments of the service processes of the different system set-ups. Recall that all system set-ups are considered to have perfect channel state information. Furthermore, we assume all subcarrier states to be independent in time, frequency and space while the SNR is exponentially distributed with meanγ which is the same for all terminals and subcarriers. Finally, given a subcarrier SNR of γ, the amount of bits that can be transmitted during one frame is given by S · log 2 (1 + γ) for adaptive modulation whereas for link adaptation the corresponding rate depends on the lowest SNR of all subcarriers in the respective assignment set. Finally, all system set-ups assume an opportunistic resource scheduler at the base station.
Effective Capacity of OFDMA with Adaptive Modulation
Due to opportunistic scheduling each subcarrier is allocated to the terminal which has the best SNR. Utilizing order statistics [5] , this allows us to determine the probability distribution for the SNR of these chosen subcarrier/terminal pairs. Denote the best SNR out of a set of J independent and identically distributed random variables by γ (J/J) . Then, the resulting density function is given by:
. (11) In order to compute the mean and variance of the service process sj, we first notice that each terminal is likely to receive some service in every frame. The exact number of subcarriers that some terminal j will receive for the next frame is a random variable Xj. Under our assumptions of equal average channel gainsγ for all terminals, Xj becomes a binomially distributed random variable with basic probability 1/J. Notice that the Xj assigned subcarriers all have the same probability density distribution described by (11) . This allows us to compute the mean of the service process sj as follows:
For the second moment we obtain:
Since we have already solved the second part of (13), we only have to focus on the first part:
Based on Equations (14) and (12) we can obtain the second moment from Equation (13) . This allows us then to compute the variance, from which we can finally compute the effective service capacity based on Equation (7).
Effective Capacity of OFDMA with Link Adaptation per Terminal
Next we consider the OFDMA system with link adaptation per terminal. Like in the previous case, all subcarriers are assigned to the terminal with the highest channel gain. However, due to the restrictions from link adaptation, we bound the modulation scheme of all subcarriers associated with a terminal to the weakest channel gain. Hence, the link adaption per terminal is driven by the lowest channel gain of the subcarriers assigned to a terminal. We are interested in quantifying the loss in comparison to an OFDMA system with adaptive modulation and with link adaptation. The PDF and CDF of the assigned subcarriers of an opportunistic OFDMA system with J terminals are given by
and
Let K denote the number of subcarriers that are assigned to a terminal. As we are interested in the distribution of the worst subcarrier SNR γ (1/K)(J) out of K i.i.d. distributed random SNRs which are assigned to a terminal, the resulting CDF and PDF of the lowest SNR is obtained as follows:
Now we can derive the first and second moment of the service process. For the mean, this results in:
For the second moment we obtain the following formula:
Effective Capacity of OFDMA with Link Adaptation
In the last case, the system applies again link adaptation. However, it is not applied individually per terminal but over all N subcarriers (regardless of the assignments). Hence the deviation of the corresponding first and second moment is similar to the previous case, except that we have to substitute K in the upper formulas by N . For convenience, we present below the corresponding expressions:
With the above formulas we are now able to compute the effective service capacity for all cases based on Equation (7).
NUMERICAL ANALYSIS
In this section we evaluate our analytical results numerically. The section is split into two parts. In the first subsection, we provide a validation of the various different analytical derivations we have presented previously. All our validation work is based on comparisons with simulation results. After validation we then turn to the investigation of the three different system approaches regarding queuing performance for various different parameter settings.
Validation of Analysis
The validation is actually performed in two steps. We first focus on validating the results for the mean and the variance of the corresponding service processes for the three different systems considered. Then, in a second step we validate the analytical derivation of the maximum sustainable rate as obtained by Equation (10) by simulating the corresponding queuing system and observing the delay violations in comparison to the analytical predictions.
The basic simulation set up considered consists of J = 5 terminals and N = 48 subcarriers for the three different system approaches. Each simulation was based on 800.000 frame iterations repeated in 30 independent runs (by controlling the seed for generating the random fading coefficients). As assumed for the analysis, for the fading coefficients we considered an exponential distribution with neither correlation in time nor in frequency. The frame length was set to 1 ms while each subcarrier featured 10 symbols per frame. As QoS targets we assumed an outage probability of Pj = 0.03 and a target delay of dj = 30 ms for all system approaches. For each simulation run we then observed the number of frames for which this QoS target could not be fulfilled and averaged this observation over the 30 different runs over all terminals. We repeated this for four different values of the average SNRγ: 5, 10, 20 and 30 dB.
We start with presenting the validation results for the OFDMA system with adaptive modulation. In Figure 1 the validation results are shown. The figure shows actually three plots (as is the case for all other system validation results as well). The first plot compares the average and standard deviation of the service process as obtained by the presented analysis in Section 3.1 with the empirical mean and standard deviation as obtained from the simulation. Notice that for all considered SNR points the analysis matches the empirical values. The other two plots in Figure 1 show the empirical outage probability observed for different arrival rates to the system. For this, we first obtained analytically the maximum sustainable arrival rate to the OFDMA system according to the QoS targets as discussed above. For the four different SNR points considered, these rates are given in Table 1. Recall that these rates, as obtained by Equation (10), should approximately fulfill the QoS-requirements. Hence, we first conducted simulations setting the arrival rate exactly to these analytical results. The corresponding empirical outage probabilities can be found in Figure 1b . Notice that for all four SNR points the empirically determined outage probabilities as observed during the simulations are close to the required outage probability of 0.03 but violate them slightly (which is -however -within the also considered confidence interval). By reducing the arrival rates from Table 1 by exactly 1 bit/frame, the target outage probabilities were met as shown in the third plot of Figure 1 . Note that a reduction of 1 bit/frame equals a proportion of only 0.3 % or less of the total rate. Hence, this validates the maximum sustainable rate as obtained by Equation (10) noting that it is rather an upper bound. We find more or less the same results regarding the validation for the two link adaptation OFDMA systems in Figure 2 (regarding link adaptation over all subcarriers) and Figure 3 (regarding link adaptation per terminal). Note that the calculation of the binomial coefficients in determining the mean and variance of the OFDMA systems with link adaptation might lead to numerical instabilities due to the large numbers involved. Hence, in our evaluations we approximated the coefficients by applying Romberg's method [4] . Nevertheless, the simulations validate the application of this approximation as well (all analytical results presented in Figure 2 and Figure 3 have been obtained based on the Romberg method). 
Analysis of Sustainable Rates
In this section we have a closer look at the queuing performance (i.e. analytically derived maximum sustainable rate) for the different system approaches. We investigated the following simulation set-up: We consider again a frame length of 1 ms, but this time there can be 144 symbols transmitted per frame per subcarrier with a total amount of 48 subcarriers. This equals a set up of an LTE network with 10 MHz bandwidth, which has 48 resource blocks, each with 144 symbols per frame. We considered for this setting a varying number of terminals in the cell which increased from 1 up to the point where no positive (bit) rate could be supported any longer. Furthermore, we considered four different pairs of QoS parameters consisting of target delay dj and outage probability Pj: dj = 100 ms and Pj = 0.1 (solid lines in the figures); dj = 75 ms and Pj = 0.07 (dashed/dotted lines); dj = 50 ms and Pj = 0.03 (dashed lines with marker +); dj = 25 ms and Pj = 0.01 (purely dashed lines). For the different system approaches and scenarios we then calculated two performance metrics: For one the maximum sustainable rate per terminal while we also considered the aggregated (total) rate per cell (maximum sustainable rates multiplied with the number of terminals per cell). This was performed for two different settings of the average SNR: 10 and 20 dB. Figure 4 displays the legend used in the following figures for the results of the different set-ups. 6 show the resulting graphs for the different modulation schemes and an average SNR of 20 dB. With a growing number of terminals, the differences between adaptive modulation and link adaptation per terminal become smaller since there are less subcarriers per terminal available and therefore the positive effect of adaptive modulation is weakened. With decreasing QoS-requirements, i.e. larger delays and bigger outage probabilities, the maximum throughput per cell increases as well as the number of ter-minals that lead to the maximum throughput. This is clear, since for strict QoS-requirements we need some resources to guarantee the delay bounds, whereas for relaxed requirements we can buffer the data longer and therefore support a larger data rate per terminal. As an overview, Table 2 shows the optimal number of terminals in terms of the total throughput per cell. Also, it lists in brackets the maximum sustainable rate per terminal leading to this throughput. Table 2 : Displayed are the numbers of terminals that lead to the best cell throughput for the OFDMA system approaches with an average SNR of 20 and 10 dB respectively (first lines). The number in second lines represents the maximum sustainable rate per terminal in bit/ms that lead to the maximum.
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Considering the maximum sustainable rates per terminal ( Figure 6 ) we can see, that the differences between the various QoS-requirements lead to only small changes of the rates compared to the total amount per terminal. The zoomed part shows, that the biggest difference occurs between a delay of 25 ms with 1 % outage probability and a delay of 50 ms with an outage probability of 3 %. Here the difference between the data rates is about 50 bit/ms, whereas the differences between the more relaxed ones is in the range of 4 to 10 bits/ms. The peak data rate per terminal for the link adaptation systems is reached at a total number of two terminals in the cell. This happens, since for two terminals the possibility for a better lowest subcarrier SNR is higher than the possibility considering the case with only one terminal and hence the used modulation scheme which depends on the SNR of the worst subcarrier is better. With a growing number of terminals the losses of subcarriers is more important for the terminals than the better modulation scheme and therefore the data rate per terminal decreases.
Considering the results for an average SNR of 10 dB in Figure 7 indicate, that with a decreasing received signal strength the number of terminals that lead to a maximum aggregated rate per cell increases. This trend also continues for lower average SNRs (not displayed in this paper). While the optimal number of terminals for OFDMA with adaptive modulation and 20 dB was 19 terminals in case of a delay of 25 ms, it is 21 terminals for 10 dB (compare Table 2 ).
Hence, with a lower average SNR we need more terminals to get an optimal cell throughput. This indicates that for lower SNR values the effect of the multiuser diversity is more important for a high data rate per cell than for higher SNR values. The effect is even stronger for the relaxed QoSrequirements as shown in Figure 8 . The optimal number of terminals in terms of a high data rate per terminal is reached for a total number of 2 or 3 terminals per cell in case of link adaptation and link adaptation per terminal, whereas for higher average SNR values this optimum was reached at only 2 terminals per cell. With a decreasing average SNR the total throughput per cell also decreases, but the number of terminals, for which we can not calculate a maximum sustainable rate for given QoS-requirements stays nearly the same.
The differences between OFDMA with adaptive modulation and OFDMA with link adaptation per terminal are only minimal in terms of sustainable rates per cell and sustainable rate per terminal, whereas the differences between these schemes and OFDMA with link adaptation are much bigger with about 50 bits/ms for all QoS-requirements.
CONCLUSIONS
With the expected rise of video applications in upcoming cellular networks of the fourth generation, analytical quality of service models for such networks become important. In this paper we provide approximations for the queuing delay of opportunistic OFDMA networks based on the effective service capacity framework. These approximations can serve for example for admission control in such systems later on. Our analysis covers three distinct cases for adapting the modulation type to the channel states (once the subcarriers have been assigned): Adaptive modulation per subcarrier, link adaptation per terminal as well as link adaptation over all subcarriers. Interestingly, we find that adaptive modulation and link adaptation per terminal provide an almost identical performance. In general, all OFDMA systems feature an optimal number of terminals to be present in the cell which maximizes the joint (QoS-constrained) traffic rate that can be forwarded in the down-link. However, different system set-ups feature different optima. For future work, we will extend our work to interference-limited systems.
